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INTRODUCTION
Virtually all of the economic activity in the United States occurs in and around cities, with metropolitan areas accounting for nearly 90 percent of U.S. gross domestic product (Panek, Baumgardner, and McCormick, 2007) . However, while metropolitan areas as a whole are highly productive, differences in productivity across metropolitan areas are strikingly large. Figure 1 shows the distribution of average output per worker observed across U.S. metropolitan areas between 2001 and 2005 . During this period, average output per worker in the twenty most-productive metropolitan areas was two times larger than in the twenty least-productive metropolitan areas, and more than onehalf larger than the value for the median metropolitan area. Meanwhile, the twenty leastproductive metropolitan areas were about one-fourth less productive than the median. In general, the most-productive metropolitan areas also tend to be among the most crowded and the richest in human capital.
Theories of agglomeration that focus on learning and knowledge spillovers in cities emphasize the roles of population density and human capital in boosting urban productivity (Marshall, 1890; Jacobs, 1969; Lucas, 1988; Glaeser, 1999) . 1 From a microeconomic perspective, one of the key benefits of density is that it lowers the costs of generating new ideas and exchanging information. In particular, the close physical proximity of firms and people in dense urban areas facilitates the flow of knowledge by increasing the amount of interaction and face-to-face contact that people experience.
Such contact has been shown to enhance productivity when information is imperfect, 1 Duranton and Puga (2004) review the microeconomic foundations of agglomeration economies, and classify them into three broad categories: sharing, matching, and learning.
rapidly changing, or not easily codified-key features of many of the most valuable economic activities today (Storper and Venables, 2004) .
These explanations about the mechanisms by which density enhances urban economic activity suggest that not all types of interactions facilitated by a dense population are created equal. It is likely that bringing together people involved in idea generation and high-skilled activities provides a larger boost to productivity than assembling individuals who employ lower levels of human capital. More generally, we argue that the skills and knowledge possessed by individuals in a metropolitan area influence the quality of interpersonal interactions, suggesting that the productivityenhancing effects of density are augmented by a metropolitan area's stock of human capital. Specifically, if learning and knowledge spillovers are important, increasing the interaction of highly-skilled people within a fixed geographic area is likely to result in more innovation and provide a greater boost to productivity than increasing the density of those with lower skills. We refer to this interaction of density and skill as the density of human capital.
While a number of studies have analyzed the productivity-enhancing effects of density on its own, very few have examined the joint effect of density and human capital.
In a recent article, Glaeser and Resseger (2010) found a stronger correlation between perworker productivity and city size in places with higher levels of human capital, and interpret this result as evidence in support of knowledge-based theories of agglomeration.
Likewise, recent empirical research examining the attenuation of human capital spillovers among individuals suggests that the density of human capital may be an important determinant of aggregate urban productivity. Along these lines, Rosenthal and Strange (2008a) find that proximity to college-educated workers drives much of the urban wage premium that is typically attributed to the spatial concentration of employment. In addition, other research examining whether knowledge spillovers enhance innovation in cities has highlighted the role of density in the production of new ideas and exchange of information. Consistent with this view, Carlino, Chatterjee, and Hunt (2007) find that doubling the employment density in the most urbanized portion of a metropolitan area is associated with a 20 percent increase in patent intensity. Knudsen et al. (2008) extend this work and provide evidence that density and regional creativity-separately and jointlyaffect the rate of innovation in U.S. metropolitan areas, indicating that the density of highly-skilled people is an important determinant of urban innovation.
This study builds from the insights of this recent empirical work, but considers the relationship between aggregate urban productivity and the density of human capital in U.S. metropolitan areas. To provide a structural framework for our analysis, we present a model of urban productivity in which the agglomeration effect of density is enhanced by a metropolitan area's stock of human capital. Consistent with the existing literature, the model yields a set of estimating equations showing that the productivity of a metropolitan area is primarily determined by population density, the human capital stock, and other factors that vary by region. To estimate the parameters of this model, we utilize newly available data on metropolitan area gross domestic product (GDP) to construct measures of output per worker along with a measure of density that accounts for the spatial distribution of population within metropolitan areas.
Our work is most closely related to research analyzing the link between aggregate regional productivity and the density of economic activity. Using models derived from aggregate production functions and value-added data for U.S. states and European regions, results from these studies suggest that productivity increases by 4.5 to 6 percent when employment density is doubled (Ciccone and Hall, 1996; Ciccone, 2002) . 2 As these studies make clear, however, the use of aggregate output per worker data to measure urban productivity introduces a classic endogeneity problem-that is, population density and productivity may be simultaneously determined if people are attracted to more productive places or if there is an unobserved local variable that is correlated with both density and productivity. We address this fundamental identification problem by including spatial fixed effects in our empirical model and by using an instrumental variables approach to estimate the model's parameters, with instruments for population density based on historical measures of population and an increasingly important consumption amenity, climate.
Recent research examining patterns in wages and firm total factor productivity (TFP) argues that much of the existing literature has overstated the magnitude of urban agglomeration economies because it does not account for potential biases introduced by sorting-that is, people (or firms) with more valuable skills and output may locate in denser places. Employing a rich panel of individuals and firms in France, Combes et al. (2008 Combes et al. ( , 2010 show that accounting for sorting reduces their estimated density elasticity by about 50 percent. Thus, depending on the measure of productivity used, their elasticity estimates suggest that productivity increases by 2 to 3.5 percent when employment 2 Early empirical studies of urban productivity focused on city size rather than density. Findings from this literature suggest that productivity increases by 3 to 8 percent when population is doubled (Sveikauskas, 1975; Segal, 1976; Moomaw, 1981) . Rosenthal and Strange (2004) provide a comprehensive review of the empirical evidence of agglomeration economies, while Melo, Graham, and Noland (2009) provide a recent meta-analysis of study characteristics affecting the magnitudes of existing estimates of agglomeration effects.
density is doubled. Because we do not have value-added data at the micro level, we are not able to account fully for sorting at the individual or firm level. However, to address this potential identification problem, we follow a two-step estimation approach, similar to that proposed by Combes et al. (2008 Combes et al. ( , 2010 , which allows us to condition out the portion of measured productivity due strictly to the industrial composition of a metropolitan area.
Based on a comprehensive sample of 363 U.S. metropolitan areas over the 2001 to 2005 period, our empirical analysis reveals that a doubling of density increases productivity by an average of 2 to 4 percent. Consistent with recent research, we find that potential biases resulting from the industrial composition of a metropolitan area, such as those due to sorting, are qualitatively more important than potential biases related to the joint determination of density and urban productivity. Perhaps more importantly, consistent with theories of learning and knowledge spillovers in cities, we demonstrate that the elasticity of average labor productivity with respect to density increases with human capital. Metropolitan areas with a human capital stock that is one standard deviation below the mean realize no productivity gain, while doubling density in metropolitan areas with a human capital stock that is one standard deviation above the mean yields productivity benefits that are about two times larger than average. This insight helps explain the highly non-linear distribution of productivity observed across U.S. metropolitan areas, particularly for the most productive places. Thus, not only does this paper provide new estimates on the magnitude of aggregate urban agglomeration economies, but it also addresses a gap in the existing literature by offering evidence consistent with the idea that learning and knowledge spillovers in cities are an important source of such productivity effects (Puga, 2010) .
II. A MODEL OF URBAN PRODUCTIVITY
To provide a structural framework for our empirical analysis, we present a general model of urban productivity that builds on previous work (Mankiw, Romer, and Weil, 1992; Ciccone and Hall, 1996; Hall and Jones, 1999; Ciccone, 2002) . Specifically, we assume production occurs according to a human-capital augmented Cobb-Douglas production function, so output (Y) at any given time in metropolitan area i contained within a larger region j is given by:
where A ij is a Hicks-neutral technology parameter, K ij is physical capital, H ij is human capital, and L ij is the amount of labor available at the metropolitan area level. Labor (L) is assumed to be homogeneous within and across metropolitan areas, so differences in knowledge and skills across metropolitan areas are captured in the measure of human capital (H). The parameters α, β, and 1-α-β represent the elasticity of output with respect to physical capital, human capital, and labor. We invoke the standard assumption that there are constant returns to scale in the reproducible factors, i.e., α + β = 1.
Consistent with the literature analyzing urban productivity (see, e.g., Sveikauskas, 1975; Carlino and Voith, 1992) , we assume that the agglomeration effects of density (D) operate through the Hicks-neutral technology parameter (A) as follows: where γ 1 represents the elasticity of output with respect to density and γ 0 denotes other factors of the technology parameter that are independent of density. Importantly, the parameter γ 1 measures the net agglomeration effect of density, which incorporates both the (positive) spillovers and (negative) congestion effects arising from density. Thus, the sign of this parameter will depend on the relative strength of each opposing force.
It is well known that data measuring the regional stock of physical capital are not available at the required level of geography, and, because of the durability of physical capital, attempts to construct such measures are likely to introduce measurement bias in cross-sectional studies of urban productivity (Moomaw, 1981) . We address this problem by assuming that the rental price of capital (r k ) is the same everywhere within a larger region j containing several metropolitan areas, and then use the capital-demand function to substitute the factor price for the factor quantity. That is, solving (1) for the marginal product of capital in region j and equating it to the rental price of capital gives:
The capital-demand function for metropolitan areas in this larger region can be derived by substituting (1) into (3) and solving for K ij , which yields:
This capital-demand function can then be used to substitute for the amount of physical capital in (1) . Doing so, substituting (2) , and solving for average labor productivity gives:
where φ j is a constant that depends on the rental price of capital in the larger region j, and thus may vary across larger regions. 4 Taking the logarithmic transformation of (5) yields the first equation we will estimate:
Consistent with the estimating equations relied upon in the existing literature (Ciccone and Hall, 1996; Ciccone, 2002) , equation (6) relates urban productivity to density and regional stocks of human capital, but does not allow for the interaction of density and human capital. While density can enhance labor productivity by increasing the frequency of physical interactions and face-to-face contact, the amount of human capital in a region is likely to influence the quality of these interactions. Thus, if learning and knowledge spillovers are important, increasing the interaction of highly skilled people within a fixed geographic area is likely to result in more innovation and provide a greater boost to productivity than increasing the density of those with lower skills. To account for this possibility, our model departs from those established in the existing literature in that we allow the agglomeration effect of density to increase with higher stocks of metropolitan area human capital. Formally, we assume the elasticity of output with respect to density varies with human capital as follows:
4 Spatial equilibrium requires that individual utility and firm profits be equalized across space. Thus, the idea that productivity will be higher in denser metropolitan areas when γ 1 > 0 raises the question of why some people or firms choose to locate in low density metropolitan areas. While not explicitly part of our theoretical framework, differences in preferences and the price of land or housing can explain why people and firms continue to locate in less-dense areas despite the productivity advantages of physical proximity.
where δ 1 represents the contribution of human capital to the net agglomeration effect of density and δ 0 denotes other factors of this parameter that are independent of human capital. The assumption that δ 1 > 0 implies that the agglomeration effect of density is enhanced by a metropolitan area's stock of human capital. Substituting γ 1ij from (7) for γ 1 in (6) yields our second estimating equation:
Estimation of equations (6) and (8) requires detailed data on density, and regional stocks of human capital, and output per worker measured at the metropolitan area level, which until recently was not available.
III. EMPIRICAL ANALYSIS OF URBAN PRODUCTIVITY
Our empirical analysis relates measures of density and human capital to output per worker at the metropolitan area level. Cross-country studies that employ a similar empirical framework have been criticized for failing to account for differences in legal and political institutions, cultural attitudes, and social norms. Hall and Jones (1999) present compelling evidence that differences in social infrastructure explain a large amount of the differences in capital accumulation, productivity, and output observed across countries. By focusing our analysis on metropolitan areas within the same country, we minimize this source of heterogeneity. Another advantage of using the metropolitan area as the unit of analysis is that it more closely reflects the local labor markets where knowledge spillovers and related synergies that boost productivity are most likely to occur. Moreover, metropolitan areas represent a more meaningful economic unit of observation than countries since there are far fewer arbitrary or institutional limitations on labor and capital mobility. Table 1 presents descriptive statistics for the main variables used in the study.
A. Data, Variables, and Descriptive Statistics
Because GDP data are now available at the metropolitan area level, we are able to use these geographic areas as the unit of observation for our analysis. 5 As such, we are able to construct a comprehensive dataset incorporating all 363 metropolitan areas in the United
States by collecting data at the county level and then aggregating to the metropolitan area. Thus, our study is more comprehensive and at a finer level of geography than the most comparable previous research focusing on agglomeration in the United States. New York City; Washington, DC; Boston, MA) and a few unexpected locations (e.g.,
Casper, WY; Lake Charles, LA). The lowest ranking U.S. metropolitan area based on output per worker is Logan, UT, which has an average output per worker of just under $36,000-one-third of that observed in the highest-ranked metropolitan area.
Because theories of learning and knowledge spillovers emphasize physical interaction as the mechanism through which information and ideas are spread, we utilize a measure of density that captures the proximity of people within metropolitan areas. We also focus on a population-based measure of density, rather than employment-based measures, as the exchange of information and ideas need not be confined to places of employment. Data on population and land area are drawn from the 2000 Census. Our measure of population density is calculated as the population-weighted average of county-subdivision densities, which represents the crowdedness experienced by the typical person in a metropolitan area (Glaeser and Kahn, 2004; Rappaport, 2008) . By contrast, un-weighted population density measures provide the density experienced by the average unit of land. Population density, as experienced by the typical person in U.S. metropolitan areas, averaged 1,240 people per square mile in 2000, compared to 265 people per square mile using an un-weighted measure. The correlation between the raw and weighted population density measures is 0.80, while the Spearman rank correlation is 0.60.
As shown in Figure 2 , which highlights the Boston, Denver, Atlanta, and Indianapolis metropolitan areas, population tends to be distributed quite unevenly within U.S. metropolitan areas, although to varying degrees. For example, Boston's measured population density increases from 1,252 to 4,978 people per square mile when weighted by county-subdivision, an increase in rank from 9 th to 6 th overall. Perhaps more strikingly, Denver's measured population density increases from 258 to 2,691 people per square mile, an increase in rank from 121 st to 27 th overall. Of course, some metropolitan areas, such as Atlanta and Indianapolis, tend to fall in the rankings even though their measured population density increases when using a weighted measure. Thus, simple measures of density tend to understate the actual crowdedness experienced by most of the people living and working in metropolitan areas. Our measure adjusts for this problem by using county-subdivision densities to account for the spatial distribution of population within metropolitan areas. In addition, as the Denver example illustrates, the use of a weighted density measure mitigates the problem caused by the presence of large, but sparsely populated counties as the relatively small weights assigned to the countysubdivisions that comprise these places reduce their influence.
Finally, to measure the human capital stock in U.S. metropolitan areas, we scale the number of people in each metropolitan area with a college degree by the working age population using data from the U.S. Census for 2000. While this education-based measure of human capital likely fails to capture the full array of knowledge and skills within a metropolitan area, it is a conventional measure of human capital that has been linked to a number of measures of regional vitality (see, e.g., Glaeser, Scheinkman, and Shleifer, 1995; Glaeser and Saiz, 2004; and Rosenthal and Strange, 2008a, among others) . We focus on this dimension of educational attainment because, to the extent that knowledge spillovers boost urban productivity, the existing empirical research indicates that human capital-based externalities are likely to be more important at the higher end of the educational attainment spectrum, i.e., college graduates, than at the lower end, i.e., those completing only middle or high school (Rauch, 1993; Acemoglu and Angrist, 2000; Moretti, 2004) .
Before turning to a more formal empirical analysis that allows us to estimate the parameters of our model, it is informative to examine productivity differences across U.S.
metropolitan areas at different levels of density and human capital. Table 3 shows the average output per worker for metropolitan areas classified as either high or low density and high or low human capital using the mean values of each measure as the cutoff between groupings. For metropolitan areas classified as "Low Human Capital," moving from "Low Density" to "High Density" is associated with a $3,363 increase in productivity. By comparison, this difference in productivity increases to $8,342 for metropolitan areas classified as "High Human Capital"-a difference of nearly $5,000.
Thus, even at the most basic level, these descriptive statistics are consistent with the idea that the density of human capital is an important determinant of productivity in U.S. metropolitan areas.
B. Estimation Approach
We exploit the cross-sectional variation in output per worker that exists across U.S. metropolitan areas to estimate equations (6) and (8) . The stochastic specification of our first estimating equation is:
where y ij is output per worker, D ij is a measure of density, h ij is a measure of the regional human capital stock, θ = α γ − 1 1 is the elasticity of average labor productivity with respect to density, η = α β − 1 is the elasticity of average labor productivity with respect to the regional human capital stock, and u ij is an error term that captures differences between total factor productivity in metropolitan area i and the larger region j in which it is contained. State-level spatial fixed effects, σ j , are included in the model to control for differences in total factor productivity, rental prices of capital, and any resulting differences in physical capital intensity between U.S. states. 8 Similarly, the stochastic specification of our second estimating equation is written as follows: , and ε ij is an error term as before. Given this specification, the elasticity of average labor productivity with respect to density is derived using the mean human capital stock , i.e., Our model of urban productivity assumes that output is homogenous across metropolitan areas. However, inspection of Tables 1 and 2 indicates that considerable variation exists in what metropolitan areas make and suggests that such differences are likely to influence measured productivity, which would bias our results if denser places also tend to specialize in the production of high value-added goods and services. For 8 When a metropolitan area crosses state boundaries, we assign it to the state in which the largest city within the metropolitan area is located.
example, metropolitan areas with a large share of their output in finance (e.g., Bridgeport-Stamford-Norwalk, CT; Charlotte, NC; New York City), information technology (e.g., San Jose, CA; Seattle, WA; Boston, MA), and natural-resource intensive activities (e.g., Houston, TX; Lake Charles, LA; and Casper, WY) are among the most productive metropolitan areas in the United States. People with unobserved skill differences are likely to sort into these metropolitan areas based, in part, on where they earn the highest return.
To address this potential identification problem, we implement a two-step estimation approach, similar to that proposed by Combes et al. (2008 Combes et al. ( , 2010 , to account for potential sorting effects by individuals and firms. However, because we do not have value-added data at the individual or firm level, we must make our adjustment using more aggregate metropolitan area-level data. In the first step of our estimation, we regress our measure of average labor productivity, log y ij , on the share of employment in ten major industry sectors, and obtain the portion of average labor productivity that is unexplained by the industry structure of a metropolitan area, log y ij ′.
9 Doing so allows us to condition out any sectoral effects, including those associated with sorting, that may exist in the original productivity data. Then, in the second step, we use this adjusted measure to represent the amount of homogeneous output (i.e., accounting for industrial composition) per worker. Industry employment shares were constructed using data on private, government, and total employment by metropolitan area in 2000 provided by the Regional Economic Information System of the U.S. Bureau of Economic Analysis. Due to data limitations largely related to confidentiality considerations, the "Agricultural Services, Forestry, and Fishing" and "Mining" categories were combined into a single category we label "Agricultural and Mining" and estimation was required to compute a complete set of industry shares for some metropolitan areas. Thus, the sectors included in our analysis are: Agricultural and Mining; Construction; Farm; Finance, Insurance, and Real Estate; Government; Manufacturing; Retail Trade; Services; Transportation and Public Utilities; and Wholesale Trade. Descriptive statistics are reported in Table 1 .
We begin our analysis by estimating equations (9) and (10) using ordinary least squares (OLS) for each measure of urban productivity, and then later re-estimate these equations with our sector-adjusted measure of urban productivity using an instrumental variables approach to investigate the direction and magnitude of potential bias arising from the endogeneity of density. Given our econometric specification, coefficient estimates can be readily interpreted as elasticities, which allows for direct comparison to prior work. Finally, because the metropolitan area GDP figures we rely on to construct our measures of output per worker are derived by the U.S. BEA, in part, using state-level GDP data, error terms between metropolitan areas in the same state may be correlated. As such, we compute and report robust standard errors that are clustered at the state level.
Clustering at the state level tends to increase the coefficient standard errors, which reduces their associated level of significance, but does not affect the coefficient estimates. Table 4 presents the results of our regression analysis related to the productivity enhancing effects of density. Columns (1) and (2) shows OLS results using the unadjusted measure of urban productivity, log y ij , as our dependent variable, first when the effects of density and human capital are estimated separately, i.e., equation (9), and then when the interaction of density and human capital is included, i.e., equation (10) .
C. Regression Results
Overall, our baseline empirical models perform quite well, explaining more than half of the variation in the natural logarithm of output per worker across U.S. metropolitan areas.
In addition, the expected relationships hold at conventionally accepted levels for all of the variables included in our models. Importantly, we find a positive and statistically significant effect from the interaction of density and human capital, consistent with theories emphasizing the importance of learning and knowledge spillovers in cities.
Interpreting the initial results shown in Table 4 , we find that a doubling of density is associated with a 9.7 percent increase in productivity. Assessing the average effect of density when an interaction term is present requires calculating the coefficient at the mean level of human capital. When this is done, we again find that a doubling of density is associated with a 9.7 percent increase in productivity.
These baseline results, however, do not take into account potential biases arising from differences in the industrial composition of metropolitan areas. Columns (3) and (4) show corresponding OLS results when our sector-adjusted measure of urban productivity, log y ij ′, is used as the dependent variable. 10 As before, our empirical models continue to perform quite well, with R-squared values exceeding 0.30 and the expected relationships holding at conventional levels for the variables in our models. However, after adjusting
for differences in what is made in metropolitan areas, the estimated effect of density on urban productivity falls to 1.9 percent, on average, in both models-one-fifth of our baseline estimates. Thus, failing to account for industry composition effects appears to overstate the magnitude of urban agglomeration economies.
Consistent with the idea that the agglomeration effect of density is enhanced by a metropolitan area's human capital stock, we continue to find that the interaction of population density and human capital has a positive and statistically significant effect on urban productivity. Panel (a) of Figure 3 plots the productivity effect from doubling population density at different human capital stock levels based on estimates from Column (4) in Table 4 , and shows that metropolitan areas with a human capital stock that 10 The correlation between the raw and sector-adjusted measures of urban productivity is 0.73, while the Spearman rank correlation is 0.70.
is one standard deviation below the mean realize no productivity gain (i.e., -0.5 percent compared to 1.9 percent), while doubling density in metropolitan areas with a human capital stock that is one standard deviation above the mean yields productivity benefits that are nearly two times larger than average (i.e., 3.6 percent compared to 1.9 percent).
Our OLS estimation assumes that population density and the productivity of metropolitan areas are exogenous when state-level spatial fixed effects capturing differences in total factor productivity and physical capital intensity at the state level are included in the estimation. However, if these spatial fixed effects do not capture fully differences in metropolitan area productivity, our OLS estimates may be biased.
Specifically, because of the availability of higher wages, the most productive metropolitan areas might be able to attract more people, which subsequently increases density. To assess the effects of this potential concern, we re-estimate our regression models using an instrumental variables approach and perform Wu-Hausman tests for endogeneity bias.
Implementing instrumental variables estimation requires that we identify variables that are correlated with density (i.e., relevant) but unrelated to modern differences in productivity across metropolitan areas (i.e., exogenous). We consider a set of two such variables to instrument for population density: population size in 1900 and a climate index based on temperature and precipitation. variable, which has been used extensively in the existing literature, rests on the assumption that historical sources of agglomeration in the United States have remaining influences only on the preferences of where people live, rather than through modern differences in productivity. Similarly, the logic of our second instrumental variable is that climate, a valuable consumption amenity, also primarily influences the preferences of where people choose to live. Indeed, recent research has shown that U.S. residents migrated to places with nice weather throughout most of the 20 th century, and that much of this movement was driven by an increased valuation of climate as a consumption amenity (Rappaport, 2007) . In addition, because population density is part of the interaction term in our key estimation equation, we must also identify additional instruments to examine the endogeneity of the interaction term itself. A natural set of instrumental variables for the interaction term is the interaction of our existing instruments, population in 1900 and climate, with the remaining component of the interaction term, the human capital stock (Wooldridge, 2002) .
Columns (5) and (6) of Table 4 report the results of our instrumental variables regression analysis. 12 First-stage regression results (not reported) show that the population density of a metropolitan area is positively related to its size in 1900 and negatively related to our climate index, indicating that warm, dry places tend to be more densely populated. Thus, consistent with expectations, historical measures of population and climate both appear to be strong predictors of a metropolitan area's population density in 2000. However, a key advantage of using multiple instrumental variables is that it allows us to test formally their validity. As the bottom panel of Table 4 shows, the 12 We employ LIML for our instrumental variables regression analysis as Stock and Yogo (2005) demonstrate that it is superior to 2SLS in the presence of weak instruments. However, results using conventional 2SLS are nearly identical to those obtained with LIML. respectively, Sargan tests of over-identifying restrictions indicate that our instruments are also uncorrelated with the error term. 14 As our instruments meet both the relevance and exogeneity conditions, we conclude that they are valid.
Turning now to our parameter estimates, the general pattern of results from the second-stage regressions are consistent with those obtained using OLS estimation. On average, a doubling of density increases urban productivity by about 4.0 percent in models without the interaction term, reported in Columns (5), and by 2.6 percent in models with the interaction term, reported in Columns (6) . Further, the interaction of density and human capital remains positive and significant when treating both density and the interaction term as endogenous.
Panel (b) of Figure 3 plots the productivity enhancing effect of doubling density at different human capital stock levels based on these IV estimates, and shows a pattern similar to that described previously, although the slope of the relationship is a bit steeper when compared to analogous OLS estimates. Again, metropolitan areas with a human 13 Stock and Yogo (2005) develop a weak instrument test that compares the Cragg-Donald Wald Fstatistic from the two-stage regression model to a critical value that depends on the number of endogenous variables, number of instruments, and the tolerance for the "size distortion" of a test (α  = 0.05) of the null hypothesis that the instruments are weak. The size distortion tolerance (e.g., 10 percent) accounts for the idea that using the weakest combination of instruments might lead to a conclusion of biased second-stage estimates (from a Wald test), whereas using the entire group of instruments does not.
14 This test of overidentifying restrictions is computed as N x R 2 , where N is the number of observations and R 2 is computed from a regression of the residuals from the second stage regression on all exogenous variables and the instruments. The test statistic is distributed χ 2 with degrees of freedom equal to the number of overidentifying restrictions, in our case one or two depending on the model specification.
capital stock that is one standard deviation below the mean realize no productivity gain (i.e., -1.0 percent compared to 2.6 percent), while doubling density in metropolitan areas with a human capital stock that is one standard deviation above the mean yields productivity benefits that are two times larger than average (i.e., 5.3 percent compared to 2.6 percent).
The fact that the point estimates we obtain using instrumental variables are slightly larger than our OLS estimates is consistent with the presence of a small amount of measurement error. However, across both model specifications, Wu-Hausman tests indicate that our instrumental variables estimates do not systematically differ from our OLS estimates. These findings are consistent with those set forth in the existing literature, where accounting for the potential endogeneity of density typically does not yield noticeable changes in the size of urban agglomeration estimates (Melo, Graham, and Noland, 2009 ). 15 
D. Magnitude of Net Agglomeration Effect
Our model of urban productivity allows us to estimate the net agglomeration effect of density, γ 1 , by combining the estimates of θ presented above with an estimate of the income share of physical capital, α, which is widely believed to be around 0. 3 15 As an additional robustness check of our results pertaining to the effects of density on urban productivity, we also considered the possibility that, along with population density, a metropolitan area's human capital stock may be endogenously determined. Similar to Moretti (2004) and Wheeler (2004) , we expanded the instrument set to include variables related to the presence of a land grant university and lagged age structure of metropolitan areas. In general, the expanded instrument sets we considered continued to pass the Stock and Yogo weak instrument test and Sargan over-identification test, confirming the validity of such instruments. In addition, the resulting second-stage point estimates were consistent with those obtained using OLS estimation and quite similar to the IV estimates reported in Table 4 . However, as is common with instrumental variables analysis of this nature, expanding the number of endogenous variables increased the standard errors of our estimates by a factor of two to four. Indeed, Wu-Hausman tests confirmed that these IV estimates, accounting for the potential endogeneity of human capital, did not systematically differ from the OLS estimates. (Mankiw, Romer, and Weil, 1992; Ciccone, 2002) . Based on our OLS estimates, we found an average net agglomeration effect of density of 1.3 percent. Consistent with the existing literature, this result indicates that, on average, the (positive) spillover effects of density are more important than any (negative) congestion effects. However, because the spillover effects of density are enhanced by a metropolitan area's human capital stock due to the quality of interactions, the net agglomeration effect of density will also vary.
According to our estimates, the congestion effect of density offsets any positive spillover effect for metropolitan areas with a human capital stock about one standard deviation below the mean (i.e., -0.3 percent compared to 1.3 percent). By contrast, metropolitan areas with a human capital stock one standard deviation above the mean realize twice the net agglomeration effect of density (i.e., 2.5 percent compared to 1.3 percent). Thus, our analysis indicates that density helps boost economic activity in metropolitan areas largely by enhancing the productivity of highly-skilled people.
E. Comparison of Model Performance
Consistent with theories of learning and knowledge spillovers in cities, our research demonstrates that the density of human capital plays an important role in determining the aggregate productivity of a metropolitan area. This insight helps explain the large differences in productivity observed across U.S. metropolitan areas, particularly for the most productive metropolitan areas. As such, our model of urban productivity, which allows the agglomeration effect of density to increase with a metropolitan area's human capital stock, tends to outperform models that do not take this important Importantly, these seemingly small differences in average labor productivity have significant implications for aggregate output as the 50 most productive metropolitan areas produce nearly 60 percent of U.S. gross domestic product. Thus, this research also provides a deeper understanding of the connection between urban productivity and the level of economic activity in the United States more generally.
IV. CONCLUSIONS
As the U.S. economy continues to move away from manufacturing and goods distribution to the production of new ideas, it is important to gain a better understanding of the factors that drive modern productivity. This paper provides new evidence on the productivity enhancing effects of the density of human capital. Specifically, we use new information on output per worker at the metropolitan area level along with a measure of density that accounts for the spatial distribution of population within metropolitan areas to estimate a model of aggregate urban productivity in which the agglomeration effect of density is enhanced by a metropolitan area's stock of human capital.
On average, we find that a doubling of density increases metropolitan area productivity by 2 to 4 percent. Thus, our estimates are smaller than the most comparable estimates of 4.5 to 6 percent established in the existing literature, which rely on valueadded data from U.S. States and European regions during the late 1980s (Ciccone and Hall, 1996; Ciccone, 2002) , but are generally in line with more recent estimates of 2 to 3.5 percent that account for the endogeneity of the quantity and quality of labor using
French wage and firm TFP data (Combes et al., 2008 (Combes et al., , 2010 . Consistent with this recent research, we find that potential biases resulting from differences in the industrial composition of metropolitan areas, such as those due to sorting, are qualitatively more important than potential biases related to the joint determination of density and urban productivity. Thus, the finer level of geography used in the analysis along with our ability to account for industrial composition effects yields more precise estimates of the magnitude of aggregate urban agglomeration economies in the U.S. than was previously available.
Further, we demonstrate that the elasticity of average labor productivity with respect to density increases with a metropolitan area's stock of human capital. Consistent with theories of learning and knowledge spillovers in cities, metropolitan areas with a human capital stock one standard deviation below the mean realize no productivity gain, while doubling density in metropolitan areas with a human capital stock one standard deviation above the mean yields productivity benefits that are about twice the average.
This insight helps explain the large difference in productivity observed across U.S. metropolitan areas, particularly for the most productive metropolitan areas. Indeed, this finding is consistent with recent theoretical research demonstrating that a non-linear relationship between density and productivity is required to sustain the observed distribution of crowdedness across U.S. metropolitan areas, particularly among the most crowded places (Rappaport, 2008 ). In our model, such a non-linearity arises because there are larger productivity gains from increasing the physical interaction of highlyskilled people than those with lower skills. This finding, based on analysis of aggregate metropolitan area productivity, also corresponds to the conclusions set forth by Rosenthal and Strange (2008a, p. 387) , based on micro-analysis of wages, who remark that "the positive effect of agglomeration is really due to the presence of human capital." Thus, this research also provides evidence that learning and knowledge spillovers are an important source of aggregate urban agglomeration economies.
A potential limitation of our analysis, shared by all existing studies of aggregate urban productivity, is that we may not account fully for potential unobserved heterogeneity in skills arising from the spatial sorting of firms and individuals. This issue may be of particular concern as recent empirical research has demonstrated that highly educated professionals in dense cities work longer hours than their counterparts in less crowded places and those without a college degree (Rosenthal and Strange, 2008b) . Combes et al. (2008 Combes et al. ( , 2010 argue that existing estimates of agglomeration economies derived from aggregate production functions are upward biased by as much as 50 percent because they fail to account for individual attributes. In contrast, using U.S. data, Glaeser and Mare (2001) find little evidence that sorting biases the urban wage premium. While our research does account for potential biases related to industrial composition effects, further research on the effects of spatial sorting is clearly warranted.
Finally, while our findings are most directly connected to theories of agglomeration emphasizing the role of learning and knowledge spillovers in cities, other mechanisms through which the density of human capital influences productivity may also contribute to our results. In particular, recent empirical research has confirmed that thicker labor markets yield significant productivity benefits by improving the quality of matches between workers and jobs (Andersson, Burgess, and Lane, 2007) . Therefore, while our research has established an important connection between aggregate urban productivity and the density of human capital, additional research is required to develop a more complete understanding of the productivity effect we have identified. Table 4 (b) Based on IV estimates reported in Column (6) of 
